F
or aging individuals with multiple health conditions, the identification and integration of prognostic information into decision-making during patient encounters is challenging as relevant data embedded in the medical record must be retrieved, summarized, and analyzed. 1 To promote timely updates to clinical practice and to leverage current computing technologies, a 2017 American Heart Association scientific statement recommended that clinical decision support (CDS) tools be developed that use real-time, patient-specific risk prediction models utilizing clinical data automatically extracted from electronic health records (EHRs). 1 Models from longitudinal cohorts have been successfully deployed to EHRs to estimate cardiovascular risk. [2] [3] [4] In the United States, automated calculators for cardiovascular risk are available in commercially available EHR systems. Experience with a CDS system that automatically calculates cardiovascular risk and provides guideline recommendations based on patient-specific data from an EHR has been reported. 5 This CDS tool saved time and improved efficiency and accuracy of risk calculation as well as delivery of guideline-recommended strategies by providers. 5 In the United Kingdom, the QRISK3 automated calculator for cardiovascular risk is available online 3, 6 and in EHR systems.
However, information from EHRs has not been previously used to derive risk prediction tools for patients with PAD. PAD affects millions of adults worldwide [7] [8] [9] with associated high morbidity and high risk for all-cause and cardiovascular mortality. [9] [10] [11] [12] [13] However, few prognostic risk models have been developed for patients with PAD. 12, 14, 15 Furthermore, these models have been limited to highly selected subgroups and not widely adopted in practice. 12, 14, 15 Hence, there is need for risk stratification models as well as tools that may be deployed to EHRs for patients with PAD encountered in usual practice to support timely, efficient, and informed clinical decision-making. Accordingly, the goal of this study was to use automated phenotyping algorithms for extraction of data elements from an EHR to support creation of a new prognostic model and individualized real-time risk prediction tool for patients with PAD that may be deployed via the EHR at the point of care.
Methods

Rochester Epidemiology Project
An observational PAD inception cohort was assembled from the geographically defined population of Olmsted County, MN, using the medical records linkage system of the Rochester Epidemiology Project (REP). The REP linkage system matches medical records of participating institutions to specific individuals and assigns unique identification numbers for each person, which enables health records to be electronically retrieved. 16 Participating healthcare institutions of the REP include the Mayo Clinic and Mayo Clinic Hospitals and Olmsted Medical Center and affiliated hospital. These institutions provide demographic information (name, sex, date of birth, address), provider-specific identification number, and diagnostic codes. Diagnostic codes are stored in electronic REP indexes after linkage to corresponding participants. The REP also provides access to the full text of medical records for all participants. This study was approved by the institutional review boards of the participating institutions. All patients agreed to have their medical records used for research, and the institutional review boards waived the need for informed consent. The data, analytic methods, and study materials will not be made available to other researchers for purposes of reproducing the results or replicating the procedure.
Identification of Study Cohort
A previously validated electronic billing code algorithm for detection of patients with PAD was used to identify the patient cohort. 17 A list of all codes used for this algorithm has been previously published. 17 Steps for building the cohort included: (1) identification of all Olmsted County residents with at least 1 PAD-related billing code from 1998 to 2011; (2) application of the billing code algorithm 17 to the medical records of those individuals identified in step 1; and (3) confirmation of suspected PAD cases identified in step 2 as definite PAD cases by automated abstraction of metrics of noninvasive lower extremity arterial evaluation including standardized ankle-brachial index (ABI) protocols 8 ( Figure 1 ).
Outcome
The primary outcome was all-cause mortality within 5 years of follow-up assessed by time-to-event analysis by Cox 
Clinical Perspective
What Is New?
• This study demonstrates that electronic tools can be deployed to electronic health records to create automated real-time risk calculators to predict survival of patients with peripheral artery disease.
What Are the Clinical Implications?
• The prognostic model developed may be translated to patient care as an automated and individualized real-time risk calculator deployed at the point of care in electronic health records.
proportional hazards regression. For ascertainment of death, the resources of the REP were used to capture death information from multiple sources including electronic Minnesota state death certificates and the National Death Index. 16 Individuals who died within 5 years were counted as events at the corresponding time. Individuals who died beyond 5 years were censored at 5 years. As the goal was to evaluate outcomes over 5 years, the subgroup of patients who were last known to be alive but followed for <5 years were excluded (n=122).
Noninvasive Low Extremity Arterial Evaluation
The subset of the overall study group identified by the billing code algorithm who had also undergone noninvasive evaluation for lower extremity PAD by ABI comprised a digital data set (n=1565) that was electronically mined for metrics to confirm the diagnosis of PAD as well as key words for poorly compressible arteries (PCAs). 8, 18 PAD was defined by standard criteria as an ABI ≤0.9 at rest or 1 minute after exercise or by the presence of PCA, [7] [8] [9] 18 defined as ABI ≥1.40.
8,9,18
Comorbidities and Medications
All comorbidities used in the comorbidity index developed by Charlson et al 19 and adapted to electronic algorithms using International Classification of Diseases, Ninth Revision (ICD-9), codes 20 were identified by electronic algorithms.
These comorbidities included diabetes mellitus, chronic pulmonary disease, renal disease, prior myocardial infarction, history of heart failure, cerebrovascular disease, connective tissue or rheumatologic disease, peptic ulcer, hemiplegia, metastatic solid tumor, dementia, and other cancer and liver disease (for ICD-9 codes see Table S1 ). Comorbidities were diagnosed either before or at the date of PAD diagnosis. Limb revascularization procedures including open surgical or endovascular interventions were retrieved using procedural codes. 17 Current smoking was ascertained from EHRs by previously validated electronic 21 algorithms supplemented by manual abstraction. Medications (aspirin, statins, angiotensin-converting enzyme inhibitors, angiotensin receptor blockers) administered within 6 months of study entry were also ascertained electronically or by manual abstraction.
Candidate Variables for the Prognostic Model
The primary indication for inclusion of a variable was expert consensus opinion. Electronic algorithms were developed accordingly and deployed to automatically extract the selected variables from the EHR. The 22 variables evaluated in the model are listed in Table 1 19 and adapted to electronic code algorithms by the ICD-9 were also evaluated. 20 Medications recommended by practice guidelines (ie, class IA indication) to reduce cardiovascular events for patients with PAD were also incorporated. 9 Results of arterial imaging of the lower extremities were not included. However, results of noninvasive lower extremity arterial evaluation were evaluated in the model. Most study participants (94%) were non-Hispanic whites with numbers too small to evaluate potential effects of race and ethnicity, which were not included. Angiotensin-converting enzyme inhibitor and angiotensin receptor blocker therapy were not included in the model as they do not have a class IA indication for secondary prevention in patients with PAD.
Statistical Analysis
Baseline characteristics are summarized as percentage or mean (AESD) or as median (25th-75th percentile). Using Cox proportional hazards regression candidate risk factors were evaluated for association with death. Age was used as a continuous variable starting at age 40 years and an agesquared term was used to evaluate for a potential nonlinear relationship between age and mortality. The overall fit of the model was greatly enhanced with the inclusion of the agesquared term. Results are presented as hazard ratios (HRs) and 95% confidence intervals (CIs). Comorbidities were evaluated utilizing stepwise selection with age and sex adjustment with retention criteria of P<0.05 within each of 10 cross-validation sets. The number of times each comorbidity variable was selected for the model was tabulated and comorbidities selected most often were carried forward. Remaining variables were considered individually after adjustment for selected comorbidities. The variable PCA, ABI as a continuous variable, and prior limb revascularization were considered for the model. ABI metric values for patients with PCA or prior revascularization were set to 1.0, while unknown resting ABI values were replaced by the overall mean resting ABI value (0.66). Interactions of age and sex with selected variables were evaluated by inclusion of multiplicative interaction terms within the Cox model framework.
The prognostic ability of the model was assessed by discrimination using survival [c] statistics and calibration. c-Statistics were computed overall and using 10-fold crossvalidation where estimates were derived after excluding 1 cross-validation set and then using the model estimates to score the holdout set. This process was repeated 10 times, 1 for each cross-validation set. The cross-validation c-statistic was then computed after combining risk scores across the 10 cross-validation sets.
Calibration was assessed by stratification of patients into risk groups defined by the model and applying these cut points to each of the cross-validation sets. Risk subgroups were defined by percentiles as low (<16th), low-intermediate (16th-50th), intermediate-high (50th-84th), and high (>84th) to approximate a 1 SD range. For analysis, the lowintermediate group was considered the reference group. This group was chosen as the referent to enhance precision based on a larger number of events compared with the low-risk group. The resulting risk groups from the cross-validation sets were combined and plotted against the risk scores of the entire cohort in order to assess model calibration. Final models presented are based on data from the entire cohort.
To further evaluate calibration, a predictiveness curve was created using the methodology suggested by Pepe et al. 25 Calibration was also evaluated using the method of Poisson regression suggested by Crowson and Therneau. 26 Analyses were performed using SAS version 9.4 (SAS Institute), and 2-sided P<0.05 were considered significant.
Results
An 
Prognostic Model
In the overall data set, the c-statistic was 0.76 (95% CI, 0.74-0.78) and across the 10 cross-validation data sets the c-statistic was 0.75 (95% CI, 0.73-0.77). The variables that were predictors for mortality are summarized in Table 2 . Five comorbidities reached statistical significance by stepwise selection and included diabetes mellitus, chronic pulmonary disease, renal disease, heart failure, and dementia. Statin therapy had a protective effect and was the only medication that reached statistical significance. Aspirin was evaluated in the model but did not reach statistical significance (HR, 1.1; 95% CI, 0.9-1.3 [P=0.27]). In ancillary analysis, the model was tested for age and sex interactions with each variable and no significant interaction effects were observed. In ancillary analysis we refitted our final model for the cohort including the subgroup of 122 patients and the HR estimates were similar.
Risk Subgroups and Model Calibration
The cut points for stratification of risk subgroups are summarized in Table 3 . Kaplan-Meier curves stratified according to the 4 risk subgroups demonstrated an incrementally increased risk of death associated with increasing risk category (Figure 2) . Curves from the cross-validation sets follow the overall curves consistent with excellent calibration (Figure 2) , with progressive increase of risk (Table 3) . Figure 3 depicts the predictiveness curve for the risk model (line) and observed proportion of patients with 5-year mortality within each decile (circles). This curve shows good calibration and displays risk of death using various percentiles of risk score distribution. Calibration was also adequate across all patients by the Poisson regression method (P=0. 49 ). An example of calibration in 1 cross-validation build-and-test set is depicted in Figure 4 , which shows that predicted mortality from the model is an adequate representation of the observed mortality. Results of other crossvalidation sets were similar.
Conversion to Automated Real-Time Risk Calculator
Big data infrastructure 27 enabled deployment of the automated real-time risk calculator to the point of care via the EHR ( Figure 5 ). Sequential steps for calculation of the risk score include: step 1: Multiply the coded value for each parameter by its b estimate ( Table 4 demonstrates an example of an individualized risk score calculation for a 60-year-old man at low-intermediate risk (sum of scores=0.197) with an estimated probability of survival of 0.8. Table 5 summarizes a second case using the same steps as described for the prior example and shows a high-risk individual (sum of scores=2.25) with a probability of survival at 5 years of 0.22.
Discussion
This study used novel methodologic approaches including deployment of phenotyping algorithms to an EHR and a digitized health information system to acquire data elements to build a new prognostic model and automated individualized risk prediction tool for patients with PAD. This automated informatics approach enabled creation of a robust prognostic model for patients with PAD with strong discriminatory power, including c-statistic magnitudes comparable to those reported for the Framingham Heart Studies. 28 Importantly, this study differs from prior reports of prognostic models for patients with PAD by utilization of a community cohort, incorporation of time-to-event analysis, use of comorbidities, and ABI results including PCA. 12, 14, 15 Furthermore, as the data elements were retrieved from an EHR, which serves a single practice and community, it reflects usual clinical practice encompassing information from both inpatient and outpatient settings, and as such may be broadly generalizable to other healthcare systems and EHRs. 29 Risk calculators such as those described herein, which use data elements electronically extracted from EHRs, will enable personalized and realtime prognostication and thereby realize the vision of a learning healthcare system to support clinical decisionmaking at the point of care.
1,30
The study reported herein created a prognostic model from a community cohort with proven PAD using data elements automatically extracted from individual clinical EHRs. In contrast, previous prognostic models for patients with PAD have been limited by highly selected patient subgroups or suboptimal methods of data acquisition and entry. One study 31 used machine learning algorithms to identify PAD cases from patients referred for coronary angiography and included data elements obtained by interview at study entry, while other models were limited to patients who had undergone revascularization. 14, 15 Another study developed a prognostic index for long-term mortality but was limited to patients with ABI ≤0.9.
12 Although data elements acquired from EHRs have been previously used for a quality improvement registry of patients with PAD, a description of elements used was not provided. 32, 33 Additionally, there have been no reports of prognostic tools generated by automated data extraction from EHRs of patients participating in the previously reported PAD registry. The primary outcome used for the present study was 5-year all-cause mortality. The diagnosis of PAD has been consistently associated with high mortality in various patient cohorts. 9, 12, 13 For example, in a contemporary PAD cohort from the Netherlands almost half of patients died by 10-year follow-up. 12 It has also been established that PAD is a strong and independent predictor of cardiovascular and total mortality. 13 Statins and antiplatelet agents are recommended by consensus guidelines for patients with PAD to reduce cardiovascular mortality and morbidity. 9 However, studies have consistently demonstrated that these recommended strategies are underused 24, 34, 35 and physician awareness is low. 36 The development and validation of a prognostic model for mortality was a first step in our strategy to apply informatics approaches to improve the quality of care for patients with PAD. Prior studies have evaluated other outcomes associated with PAD including myocardial infarction, ischemic stroke, heart failure, atrial fibrillation, hospitalizations, critical limb ischemia, revascularization, and amputation. 9, 13, 24, 37 These other outcomes are also ascertainable by electronic algorithms. 17, 24, [38] [39] [40] [41] [42] [43] [44] Future studies using EHR-linked databases may refine this mortality risk model and also develop prognostic risk models for other outcomes for patients with PAD. The creation of a CDS for patients with PAD, which includes a risk calculator and promotes use of guidelinerecommended strategies, is aligned with the vision of the quality program endorsed by the American Heart Association. 45 The prognostic risk score for mortality from the present study differs from the limb classification system created by expert consensus for patients with critical limb ischemia to estimate risk of amputation and likelihood of benefit of revascularization using clinical stages of wound ischemia and foot infection. 46 Notably, this report from the Society of Vascular Surgery also suggests the need for creation of a comorbidity index for prognosis. 46 Our study addressed this issue by creating a prognostic model that included comorbidities. Importantly, the novel prognostic system from this study is applicable to a broader group of patients with PAD as it includes patients with or without critical limb ischemia. The cut points were chosen a priori as unequal group sizes may enable identification of patients with extreme prognoses and group together patients with similar prognoses based on the Cox method, which was designed to minimize the loss of information that occurs with grouping. Grouping was also used to evaluate model fit and validation by graphical and tabular data presentation of groups as guided by the report by Royston and Altman. 47 At the point of care it may be preferable to use individual survival probabilities calculated automatically by equations derived from the study model. These results would quantify risk as 5-year survival and thereby inform provider and patient. Such an approach may incentivize provider recommendation of guideline-based care as well as patient compliance. Although the level of risk would not change recommendations, information regarding probability of 5-year survival may enhance both provider recommendation and patient compliance to guideline-based care. During the conversation at the point of care, the patient and provider may review the individualized probability of survival and strategies in use by the patient (ie, statins, antiplatelet therapy and smoking discontinuation). During the same encounter, the patient and provider may also review all secondary prevention strategies recommended for risk modification (ie, "ideal status"), enabling the patient to make an informed decision regarding use of guideline-recommended strategies. The use of EHRs to automatically update EHR-derived data sets and inclusion of additional candidate variables for model updates has been successfully used by the QRISK group. 3, 6 Additionally, a recent study that used EHR data from family medicine practices in the United Kingdom demonstrated that machine learning algorithms had superior performance for cardiovascular risk prediction compared with the pooled cohort equation, underscoring the potential of automation to support derivation of future risk scores. 48 To evaluate the utility of the risk equation in clinical practice, the authors are currently conducting a prospective quality project to evaluate the impact of a CDS on guidelinerecommended strategies for patients with PAD compared with a control group managed without CDS. The CDS tool displays both the risk score and guideline-recommended strategies in use. Our prior publications have demonstrated underuse of these strategies by patients with PAD in Olmsted County, 24, 34 including antiplatelet agents, statins, and smoking abstention. The outcome for the ongoing project will be the number of guideline-recommended strategies implemented with deployment of a CDS tool.
This study used the resources of the REP including a medical records linkage system, availability of diagnostic codes (ICD-9 and International Classification of Diseases, Tenth Revision [ICD-10]), procedural codes, laboratory test results, and medication prescription information. 49 The REP also includes patient name, age, sex, address, race, ethnicity, years of education, smoking status, height, weight, and body mass index. 49 Unique resources of the REP also include death ascertainment via multiple electronic resources, hospitalization information, emergency department visits, 49 and access to narrative text, 50 which may be automatically abstracted by natural language processing. 51 Coexisting factors may have contributed to only 60% of the study patients taking antiplatelet agents. Poor adherence was likely a major contributor given evidence from prior studies that 
=0.836
ABI indicates ankle-brachial index; PCAs, poorly compressible arteries. Baseline 5-year survival (intercept)=0.852; predicted probability of 5-year survival=baseline survival estimate^e ∑xb . See Table 3 for risk stratification cutoffs. 
Limitations
Despite robust internal validations performed for this study, future collaborative studies will be required for external validation and to demonstrate portability of the PAD prognostic model and tool to other healthcare systems and EHRs. An electronic phenotyping algorithm was used to recognize ICD-9 codes for PAD case identification and these patients were followed for a mean of 5 years. However, in 2015, ICD-10 codes replaced ICD-9 codes, which will make future studies necessary using a similar approach with updated ICD-10 codes for community cohorts with adequate duration of follow-up.
Variables that characterize socioeconomic status were not included in the study models. Future studies may evaluate the incremental predictive value of social risk factors as identified by the National Academy of Medicine for inclusion in the meaningful use of EHRs. 52 Validated approaches (eg, Townsend Deprivation index 11 and a dichotomous measure of socioeconomic status using income and education 53, 54 ) have been previously used to evaluate cardiovascular disease risk in primary prevention settings.
Results of imaging of the arterial circulation were not included in the present study. However, results of the noninvasive ABI, which established PAD diagnosis and disease severity, were included. 8, 55, 56 Current practice guidelines recommend vascular imaging only for patients evaluated for revascularization. 9 However, the present study included community-dwelling patients with PAD regardless of need for revascularization. Future studies that focus on revascularization candidates may incorporate vascular imaging results extracted by computational and informatics methodologies 57 and thereby enable derivation of appropriate prognostic models. In the present study, the risk model was developed on the basis of variables extracted at a single point in time and does not account for time-dependent variables. This study was conducted in Olmsted County, a mixed urban-rural setting with limited ethnic diversity. However, the REP captures all healthcare information of the entire Olmsted County population regardless of socioeconomic status. 29 Future studies may incorporate socioeconomic status in prediction models for patients with PAD. As most study participants were non-Hispanic whites (94% of study population), the study findings may be limited to populations of similar race and ethnic composition including the state of Minnesota and Upper Midwest.
Conclusions
This study demonstrates that electronic tools can be deployed to EHRs to create automated real-time risk calculators to predict survival of patients with PAD. Moreover, the prognostic model developed may be translated to patient care as an automated and individualized real-time risk calculator deployed at the point of care, which will not require manual data entry by busy clinicians into web-based applications. The concepts and approach described here will be broadly generalizable to other cardiovascular diseases for practices that use EHRs. 
